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Computer Automatic Classification Method Based on Mixed Texture

CUI Hong—xia HUANG Ke-han
( School of Information Science and Technology Bohai University Jinzhou 121000 China)

Abstract: According to the characteristics of high resolution optical image with single spectral information and rich texture information we
design a computer automatic classification method based on the combination of two features of coarse and fine texture.By presenting a new
7 dimensional feature vector based on Tamura texture feature and gray level co—occurrence matrix automatic classification of 7 dimensional
feature space based on k—means clustering is achieved. According to four kinds of typical objects like the cultivated land forest and bare
land waters through the image of 1600 samples ( each 400) classification detection the optimal size of Tamura features and gray level co—
occurrence matrix features moving window is determined automatically.The experiments on automatic classification of simulation object syn—
thetic image and that of typical objects for the low optical image with high resolution show that the classification accuracy of the proposed
method is better than that of single texture features.Texture features using the mixture of remote sensing image classification is one of the re—
search directions of computer automatic classification.
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